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Editor: Damia BarceloScientists, stakeholders and decision makers face trade-offs between adopting simple or complex approaches
when modeling ecosystem services (ES). Complex approaches may be time- and data-intensive, making them
more challenging to implement and difficult to scale, but can produce more accurate and locally specific results.
In contrast, simple approaches allow for faster assessments but may sacrifice accuracy and credibility. The ARti-
ficial Intelligence for Ecosystem Services (ARIES) modeling platform has endeavored to provide a spectrum of
simple to complex ESmodels that are readily accessible to a broad range of users. In this paper, we describe a se-
ries of five “Tier 1” ES models that users can run anywhere in the world with no user input, while offering the
option to easily customize models with context-specific data and parameters. This approach enables rapid ES
quantification, as models are automatically adapted to the application context. We provide examples of custom-
ized ES assessments at three locations on different continents and demonstrate the use of ARIES' spatial multi-
criteria analysis module, which enables spatial prioritization of ES for different beneficiary groups. The models
described here use publicly available global- and continental-scale data as defaults. Advanced users can modify
data input requirements, model parameters or entire model structures to capitalize on high-resolution data
and context-specific model formulations. Data and methods contributed by the research community become
part of a growing knowledge base, enabling faster and better ES assessment for users worldwide. By engaging
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ments, minimizing the additional cost to the user when increased complexity and accuracy are needed.
© 2018 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).1. Introduction
Over a decade after the publication of theMillenniumEcosystemAs-
sessment (MEA, 2005), ecosystem service (ES) modeling is slowly be-
coming a more mature field. Abundant examples of ES modeling
applications from local to global scales now exist (Maes et al., 2015;
Ochoa and Urbina-Cardona, 2017). Large-scale, global assessments are
also driven by policy needs that support initiatives such as the Intergov-
ernmental Platform on Biodiversity and Ecosystem Services (IPBES;
Pascual et al., 2017), the U.N. Sustainable Development Goals (SDGs;
U.N., 2017), and natural capital accounting, including wealth accounts
and the System of Environmental-Economic Accounting (Bagstad
et al., 2018b; U.N., 2014).
Ideally, thenext generationof ESmodelswill be accessible and rapid,
yet customizable, efficiently reusing place-specific data and knowledge.
Reducing the effort needed to produce an ES assessment is important
for delivering timely results to decision makers and stakeholders, so
that ES information does not arrive after the decision window has
closed (Ruckelshaus et al., 2015). Model and data customization are im-
portant for capturing local knowledge, improving credibility, and reduc-
ing the inherent inaccuracies of global and other large-scale data
(Cerretelli et al., 2018; Zulian et al., 2018). Ideally, customization
would extend beyond input data to includemodel structure, accounting
for key differences in howES are generated (Smith et al., 2017) and used
by people (Wolff et al., 2017). Customizable ES models capable of syn-
thesizing and reusing dispersed knowledge could help break from the
long-standing dichotomy of using one-size-fits-all versus place-based
approaches for ES assessments (Carmen et al., 2018; Rieb et al., 2017;
Ruckelshaus et al., 2015).
In recognition of these limitations, efforts are underway to adapt ES
modeling platforms for global application, e.g., ARtificial Intelligence for
Ecosystem Services (ARIES; Villa et al., 2014), Co$tingNature (Mulligan,
2015), and Integrated Valuation of Ecosystem Services Tradeoffs (In-
VEST; Sharp et al., 2015). Co$ting Nature is a web-based tool with
preloaded models and datasets that supports ES assessment anywhere
on Earth. Version 3.0 (currently in beta) enables the assessment of 12
ES, but does not support model customization by users. Moreover, op-
tions to run analyses at moderate to high resolution and output results
in biophysical units rather than index values require a paid subscription.
InVEST's global application adapts their existing suite of models (Sharp
et al., 2015) in a development build based on InVEST 3.4.4, incorporat-
ing global datasets and model coefficients (Kim et al., 2018). While
the InVEST global models are under development, the model code and
coefficients are available from a publicly available code repository and
the input data are available as described by Kim et al. (2018). Few of
these large-scale modeling platforms enable customization with local
data, parameterizations, or adjustments to model structure to reflect
local knowledge of processes that underlie ES supply and demand. For
example, Kim et al. (2018) apply a global mean parameter dataset to
running InVEST. Zulian et al. (2018) provide an example of the custom-
ization of the Ecosystem Services Mapping Tool (ESTIMAP), a European
ES modeling platform (Maes et al., 2015), and provide guidelines to
makemodel customizationmore scientifically robust and decision rele-
vant. However, the source code of the models is not yet publicly avail-
able and cannot be directly reused or adapted by users.
In this paper, we describe the ARIES modeling platform's approach
to developing global, yet customizable ES models. Our approach en-
deavors to balance tensions between the demand for complexity,
throughmodel customization and data integration to reflect biophysical
and socioeconomic conditions and behaviors, and simplicity, as datalimitations and user needs may require abstraction and simplification
of some ES models. Simple ES models are suitable to support some re-
source management decisions (Willcock et al., 2016), while others re-
quire information generated by more complex models. As such, the
linking of simple and complex ES models can help support adaptive
management by providing timely information that can easily be up-
dated and reevaluated as new data and knowledge become available.
In this paper, we describemodels that can provide a “bottom line” strat-
egy for rapid assessment and prioritization, while ensuring consistency
in outputs among different ES and adaptability to trade-off analysis, as
the first tier of a seamless path to adaptive complexity and automated
integration of ES models (Villa et al., 2014).
Our approach to automated model customization expands the role
of global ES models, enabling navigation between different model tiers
based on ES assessment needs, time and data availability. A “Tier 1”
approach, analogous to tiered approaches to forest carbon monitoring
under Reducing Emissions from Deforestation and Forest Degradation
(REDD+; Angelsen et al., 2012), ES models proposed in InVEST
(Kareiva, 2011) and other environmental modeling approaches
(Günther et al., 2013), is interpreted here as a base for customization
and a default strategy to use when better models (e.g., dynamic flow
models; Bagstad et al., 2013) are not available. The ARIES model base
also includes several Tier 2 models, such as a dynamic agent-based pol-
lination model that quantifies flows of pollinators between habitat
patches and pollination-dependent crops, and water supply models
employing dynamic, distributed surface runoff simulation. Suchmodels
are currently too computationally intensive for large-scale application,
and, like any modeling approach, require calibration if accurate outputs
are desired. Once ARIES is supplied with decision rules about the appro-
priate scale and spatiotemporal context under which to run eachmodel
tier, it can seamlessly navigate between tiers as spatiotemporal context
and resolution change, and as more data and models become available.
These Tier 1models provide a baseline for subsequent specialization
and customization. When semantically annotated data covering new
spatial and temporal extents or resolutions aremade available either lo-
cally on a user's computer or on the network, the annotated concept
(Janowicz et al., 2015) described in the data enables ARIES to automat-
ically substitute local data for global where appropriate (Villa et al.,
2014, 2017). For instance, a local or national-scale dataset for “percent
tree canopy cover”will replace a global dataset for the same observable
when a model requires that input and is run in a compatible time and
place. New models or adjustments to existing models can be specified
for a particular time, place, or spatiotemporal scale, and may cover all
concepts related to an ES or only a component concept of it (e.g., its sup-
ply or demand). Because ARIES is a context awaremodeling system, the
best available knowledge will be reused for the context analysed. The
system assembles a computational strategy, based on a set of rules
under which data, models, andmodel parameterizations are selectively
applied (Villa et al., 2014),which is run to produce both the desired out-
puts and associated provenance information (Villa et al., 2014). The lat-
ter is compiled into a report detailing the provenance of all input data
and the algorithms used to produce the modeled outputs (Willcock
et al., 2018). We thus lay the foundation for an intelligent ES modeling
platform that can improve model credibility by more systematically in-
corporating and reusing local knowledge (Zulian et al., 2018). As more
data andmodels are shared on the semantic web used by ARIES, the ac-
curacy, speed and credibility of ES assessments can be substantially
improved.
This work supports progress towards several long-anticipated goals
in ES modeling specifically and semantic modeling more generally
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(e.g., Bagstad et al., 2014; Balbi et al., 2015), meaning that ARIESmodels
could be run only for a relatively small number of locations. The avail-
ability of global data and models, hosted on networked geoservices,
now enables their computation anywhere. The collection of models de-
scribed here is accessible through the Knowledge Laboratory (k.LAB) In-
tegrated Development Environment (ARIES team, 2017), the open
source software package used by ARIES (Fig. 1 describes the user
workflow). In order to run models, the user must select a spatiotempo-
ral context, model resolution, optional scenario condition(s), and the
underlying ES concepts to be observed (e.g., supply or demand; ARIES
team, 2018a). The k.LAB software package also provides the tools to
write new models or customize existing ones. A web-based ARIES ex-
plorer, currently in prototype stage and slated for public release in
early 2019, will make it possible to run ARIES models online through a
web browser, making models more accessible particularly for nontech-
nical users.
In this paper, we describe methods and results for five ARIES Tier 1
models. We demonstrate model applications in three continents, and
extend one of those applications to include a spatial multi-criteria anal-
ysis, which enables simple trade-off and prioritization analysis in ARIES.
These models will continue to be developed and new models will be
added to the model library by the ARIES core development team and
collaborators. The aim is for any ARIES modeler to be able to use them,
develop customizations for specific local conditions, or improve and
share themodels for the benefit of the broader ESmodeling community.
2. Methods
A publicly accessible code repository (ARIES team, 2018b) contain-
ing allmodels and spatial context definitions used for this paper is avail-
able for download and use. Our model developer workflow, which used
k.LAB version 0.9.11, is shown in Fig. 1. Detailed information on all data
sources and lookup tables used for each model in this study can be
found in the Supplemental Information. Input data without use restric-
tions (e.g., public data) can be accessed through networked geoservices
available to any ARIES user. All model outputs for the three application
areas are available from the authors upon request.Fig. 1.Model developer workflow for the use of the global ecosystem service (ES) ARIES model
using default data sources; those in beige represent opportunities to customize model source cWe developed models for the supply of five ES: carbon storage, crop
pollination, flood regulation, outdoor recreation, and sediment regula-
tion. We modeled demand for crop pollination, flood regulation, and
outdoor recreation, ranking locations of greater and lesser demand,
but not considering demand in monetary terms. We did not estimate
demand for carbon, a global service whose demand can be proxied
using greenhouse gas emissions data (Bagstad et al., 2014), nor for sed-
iment regulation, where different, context-dependent beneficiary
groups can be identified. Our models for ES supply and demand for
crop pollination, flood regulation, and outdoor recreation are estimated
as ranked indicators, rather than biophysical values. For crop pollination
and flood regulation, we also developed a metric of surplus or deficit,
which simply subtracts normalized ES demand from supply to calculate
a surplus/deficit value (ESsd), where negative values represent a deficit
and positive values represent a surplus. This metric can be used to un-
derstand potential threats to ES provision (Maron et al., 2017; Wei
et al., 2017). Large versus moderate surplus/deficit subcategories were
also considered based on values above or below ∓0.5, but we caution
that given the use of normalized, uncalibrated model outputs not on
the same scale, care be taken in interpreting surplus/deficit results. To
account for the hydrological connection between grid cells located
within the same watershed, we also enabled the calculation of ESsd for
water-related ES (e.g., sediment or flood regulation) by aggregating
grid-cell values on a sub-watershed basis, using globally available wa-
tershed polygons (Lehner et al., 2008).
As example model customization applications, we chose regions on
three continents that use varying levels of customization based on the
best available input data. Thus, we selected the Basque Country
(Spain), a multi-watershed region surrounding the Santa Fe Fireshed
(U.S.), and Rwanda and Burundi (Africa) (Fig. 2). The Basque Country
is a diverse region in northeast Spain covering 7234 km2 that can be di-
vided into three distinct geographic regions from north to south: the
mountainous Atlantic region, a central plains region (the Llanada
Alavesa) and the Ebro Valley. The northern valleys have an oceanic cli-
mate, whereas the rest of the region has a more continental one.
About half of the region's 2.2 million residents live in the Bilbao metro-
politan area; San Sebastián and Vitoria-Gasteiz are other major popula-
tion centers. The Santa Fe Fireshed, a region defined by shared social ands in the k.LAB software package. Steps in blue are those taken to run existing Tier 1 models
ode, data resources, and scenarios.
Fig. 2. Land cover datasets used for each context: (A) Coordination of Information on the Environment (CORINE) 2012 in the Basque Country; (B) National Land Cover Database (NLCD)
2011 in Santa Fe Fireshed, New Mexico; (C) SERVIR 2010 in Rwanda; (D) European Space Agency-Climate Change Initiative (ESA CCI) 2010 in Burundi.
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northern New Mexico. Land ownership includes a mix of types includ-
ing tribal, private, public, and non-governmental organizations. The
fireshed boundary encompasses nearly 430 km2, and the study area ad-
dressed here extends this boundary to include the three watersheds to
which it is hydrologically connected, totaling ~22,300 km2. Amajority of
the populationwithin the study area resides in the cities of Santa Fe and
Albuquerque. Mid-elevation areas have historically featured open
stands of ponderosa pine (Pinus ponderosa), which tend to be shaped
by regularly occurring, low-severity fires, while higher elevation areas
are more susceptible to high-severity fires in the driest years
(Margolis and Swetnam, 2013). Rwanda and Burundi are two small
equatorial African nations totaling 54,172 km2. Both are densely popu-
lated nations that have experienced periodic civil unrest since indepen-
dence, though Rwanda has seen substantial economic development in a
period of stability dating to the early 2000s. Rwanda and Burundi are
situated within the Albertine Rift zone and have varied topography
and precipitation; land cover is dominated by cropland, with forests
and other natural land cover types found most abundantly within
protected areas. We modeled ES for Rwanda and Burundi building on
past national-scale ES modeling for Rwanda (Bagstad et al., 2018a).
Land cover data for ES modeling in Rwanda are available at 30 m reso-
lution through the Regional Centre for Mapping Resources for Develop-
ment (RCMRD), a GIS and mapping center working across Eastern and
Southern Africa. Such data are not available for Burundi, so the model
configurations for the two nations illustrate different levels of data cus-
tomization. The Santa Fe Fireshed andBasque Country applications offer
examples of greater levels ofmodel customization inmore data-rich re-
gions. All of our models use lookup tables to account for the role of land
cover in providing ES. For all ES but recreation, we provide global values
for lookup tables based on past studies, and customize the tables based
on context-specific researchwhen possible (Supplemental Information,Table S3). Although global lookup table values may suffice for initial ES
estimates, locally derived lookup tables are essential for improving
model credibility and application for decision-making.
We applied the ES models at different spatial resolutions depending
on the size of the study area size and ES beingmodeled. For all ES except
pollination, the Rwanda and Burundi application was modeled at a
200m resolution, the Santa Fe Fireshed at 250m, and the Basque Coun-
try at 300m. The pollinationmodelwas run at 1 km resolution for all ap-
plications. We selected data inputs as close as possible to the year 2010,
and fully describe all input data in the Supplemental Information. More
detailed studies describing the application and results of these models
in different contexts can be found in other articles of this issue
(Barbosa et al., this issue; Domisch et al., this issue; Funk et al., this
issue).
2.1. Pollination
Pollination by animals is an essential ES that directly links natural
habitats to agricultural landscapes, as 70% of globally important crop
species depend to some extent on pollinators (Klein et al., 2007). The
pollination model produces spatially explicit, ranked estimates on the
supply and demand for insect pollination services based on land cover,
cropland, and weather patterns. All pollination analyses are run at
1 km, which is similar to the flight distance of most insect pollinators
(Danner et al., 2016; Gathmann and Tscharntke, 2002).
In its first step, themodel calculates pollination supply, or the ability
of the environment to support wild insect pollinators, as a function of
nesting suitability (NS), floral availability (FA) and proximity to fresh-
water bodies (i.e., rivers, lakes and streams). We assigned NS and FA
values to land cover categories using lookup tables based on expert
opinion from previous studies (Lonsdorf et al., 2009; Zulian et al.,
2014). The model assumes a positive effect on the probability of
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floral resources in riparian areas, Zulian et al., 2013). The model maps
pollinator habitat suitability as a proxy for pollinator abundance, as
the product of NS and FA, given that both variables need to be simulta-
neously present to support pollinator populations. Then, to account for
the increase in habitat suitability to support pollinator populations in
areas close to freshwater resources, the inverse distance value to fresh-
water bodies is added to the result of the previous product. Insect forag-
ing can also be greatly affected by atmospheric temperature and solar
radiation, which can affect the number of active individuals (Corbet
et al., 1993).We thus calculated the proportion of active individuals for-
aging (A) as:
A ¼−39:3þ 4:01 Tblackglobe ð1Þ
where Tblackglobe represents the temperature of an insect's body simu-
lated as a black spherical model as a function of annual mean ambient
temperature (T in °C) and annual mean solar irradiance (R in W m-2):
Tblackglobe ¼−0:62þ 1:027 Tþ 0:006 R ð2Þ
We then normalized habitat suitability and multiplied normalized
values by the proportion of active individuals foraging to account for
spatial differences in pollinator activity levels.
Next, themodel estimates pollination demand based on the product
of the weighted sum of crop pollination dependencies (Klein et al.,
2007) and their production for 55 crop types requiring insect pollina-
tion for optimal yields (Monfreda et al., 2008). The model normalizes
pollination-dependent crop production based on the values found
within the user-selected spatial context in order to compute pollination
surplus/deficit. To simplify the computation, we assume the flow of the
pollination service to be restricted to the grid cell within which the pol-
linator resides (i.e., no supply is received from adjoining cells). Finally,
themodel subtracts demand from supply to produce grid cell-scale pol-
lination surplus/deficit values.
2.2. Carbon storage
The global vegetation carbon storage model follows the Tier 1 Inter-
governmental Panel on Climate Change (IPCC) methodology and quan-
tifies above- and below-ground carbon storage in vegetation in physical
units (T/ha), using a lookup table. The model's lookup table uses five
datasets as inputs, following Ruesch and Gibbs (2008): (1) land cover,
(2) ecofloristic region (FAO, 2000), (3) continent, (4) frontier forests–
a proxy for the degree of forest degradation (Potapov et al., 2008), and
(5) presence of a recent fire (i.e., within the last 10 years) (Tansey
et al., 2008). This model provides globally consistent estimates of the
amount of carbon stored in above- and below-ground vegetation
(IPCC, 2006; Ruesch and Gibbs, 2008). Additionally, soil carbon storage
estimates can be modeled, e.g., using global SoilGrids data (Hengl et al.,
2017).
2.3. Outdoor recreation
The recreation model is inspired by the ESTIMAP model of nature-
based outdoor recreation developed by Paracchini et al. (2014) for
Europe, and calculates supply and demand using ranked values. The
model computes recreation supply as a multiplicative function of natu-
ralness and the distance-driven accessibility of nature-based factors of
attractiveness, computed as Euclidean distance to protected areas (ex-
tracted from the World Database on Protected Areas; UNEP-WCMC
and IUCN, 2016), mountain peaks (extracted based on the top fraction
of terrain height values in the study area), and water bodies (including
streams, lakes and oceans). The model computes the degree of natural-
ness as a reclassification of land cover types into numerical valuesranging from 1 to 7, with higher values representing increasing land
use intensity/human influence (Paracchini et al., 2014).
Finally, the model discretizes normalized recreation supply values
into three recreation potential classes (b0.75, 0.75 to 0.88, and N0.88),
which produced values similar to those from the ESTIMAP implementa-
tion of the Recreation Opportunity Spectrum (ROS; Clark and Stankey,
1979; Joyce and Sutton, 2009; Paracchini et al., 2014). The ROS
reclassifies the landscape by recreation potential (i.e., recreation supply
as described above) and proximity to people. Themodel estimates prox-
imity to people based on travel time to the nearest city with ≥50,000 in-
habitants (Uchida and Nelson, 2010). We used a dataset for travel time
(Nelson, 2008), which we normalized and discretized into three classes
(easily accessible: ≤0.25; accessible: 0.25 to 0.5; and not accessible
N0.5).
In addition to ESTIMAP's ROS classification, ourmodel quantifies rec-
reation demand as an additive function of population density and
recreation-driven mobility. The latter describes how far an individual
is likely to travel for recreation on a day trip. The mobility function,
adapted from Paracchini et al. (2014) and originally based on Geurs
and van Eck (2001) models the probability of traveling to a site as a
function of distance, assuming high probability of trips within 30 Km
and very low probability at 80 Km:
f dð Þ ¼ 1þ Kð Þ= Kþ e adð Þ
 
ð3Þ
where d is the distance from a site and K and a are parameters describ-
ing the shape (S-shape) and scale of the log-logistic function (Geurs and
van Eck, 2001), respectively. We further customized this function by
adding a dependency on estimated travel time (Uchida and Nelson,
2010):
• d is the distance to main cities (automatically queried in
OpenStreetMap at runtime); when travel time is N30 min, then d =
d+30 km. This creates a 30 kmbuffer for short trips aroundmain cit-
ies, where the likelihood of high recreation demand is much greater,
and
• the mobility function parameter values are set to K = 450 and a =
1.12E − 04, which combines the long- (80 km) and short-distance
(8 km) functions in Paracchini et al. (2014).
Recreation demand takes into account the likelihood of taking a day
trip to a certain point and the population density in the areas serving as
a source of visitors for that location, thus describing the relative number
of trips taken from each grid cell within the context. In this way, the
model uses estimated travel time to calculate the flow of recreation de-
mand from population centers to recreational sites.
In addition to the previously described ESsd analysis, we propose a
multiplicative Cobb-Douglas-type function to relate recreation supply
and demand, which takes the form (Fuleky, 2006):
f S;Dð Þ ¼ p∙Sx∙Dy ð4Þ
where p=1, x= y=½, and S andD are recreation supply and demand,
respectively. This estimates the spatial overlay of supply and demand
expressed with a weakly concave function representing landscape rec-
reational utility. It is a symmetric function with constant return to
scale (the service increases by that same proportional change as supply
and demand change) and diminishingmarginal utility. This output facil-
itates the identification of sites with high recreation supply and de-
mand, where outdoor recreation day trips are most likely to happen.
Such areas receive a value closer to one; areas with low supply or de-
mand receive values closer to zero.
In order to adapt the European-based recreation model for global
use, we made several simplifications that preclude the direct compara-
bility of results to European ESTIMAP recreation model outputs
Table 1
Priority weights (descending from 1 to 10) assigned to four hypothetical stakeholder
groups to each potential ecosystem service (ES) supply, used in the Spatial Multi-Criteria
Analysis.
Criteria/ES supply Citizens Farmers Local government Climate activists
Pollination 10 1 5 10
Carbon Storage 10 10 5 1
Outdoor Recreation 1 10 5 10
Flood regulation 1 5 5 5
Sediment regulation 10 2 5 5
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land cover-based estimates of naturalness and proximity thresholds,
which may differ by ecoregion and socioeconomic setting, respectively.
Both would be best informed by local parameterizations provided by
region-specific experts (Baró et al., 2016; Peña et al., 2015).We also ex-
cluded water quality from the recreation potential assessment, due to a
lack of global data. Finally, the concept of outdoor recreation and the
model's parameterization, which implies travel by vehicle to outdoor
recreation sites, makes the existing model most suitable to developed-
world contexts. However, the model's basic components (attractive-
ness, demand, and accessibility) could be adjusted to account for non-
vehicular access to green space in cities or tourist access to protected
areas, which may be useful in both developed and developing-world
contexts.
2.4. Flood regulation
This model quantifies ranked values for flood regulation supply and
demand, accounting for flood hazard probability, water retention by
soils and vegetation, and population density. Flood hazard probability
(FHP) is estimated based on: (1) topographic wetness index (TWI), a
steady-state wetness index based on slope and contributing area
(Kirkby and Beven, 1979; Manfreda et al., 2011), (2) mean annual pre-
cipitation, and (3) the mean temperature of the wettest quarter
(Hijmans et al., 2005). Temperature is included in the equation to ac-
count for the role of the Clausius-Clapeyron relationship (Trenberth
et al., 2003), which predicts greater rainfall intensity at higher temper-
atures. Based onUtsumi et al. (2011), themodel usesmean atmospheric
temperature in the wettest quarter to predict an increase in the
temperature-rainfall intensity relationship in polar regions (high lati-
tudes), a decreasing relationship in equatorial regions (tropics), and a
peaked relationship in temperate regions (intermediate latitudes). The
model computes flood regulation supply (FRS) using the Curve Number
(CN)method,which estimates the capacity of vegetation and soils to re-
tain excess runoff from rainfall. The CN is a function of land cover, hy-
drologic soil group data, and in some contexts slope (Zeng et al., 2017;
Soil Conservation Service, 1985). The model then reduces flood hazard
probability by the CN:
FRS ¼ FHP− CN  FHP=100ð Þ ð5Þ
Themodel estimatesflood regulation demandbymultiplying FHPby
population density, providing a ranking of the relative exposure of peo-
ple and property to flood risk. Finally, the model estimates ESsd as pre-
viously described. This value can be aggregated by watershed
(predefined or user-supplied) within the spatial context. This model
thus constitutes a simplification of previously published global or
continental-scale ones (Stürck et al., 2014; Ward et al., 2015), but is
fast and easily replicable even in data-scarce contexts.
2.5. Sediment regulation
Our sediment regulation model is an implementation of the com-
monly used Revised Universal Soil Loss Equation (RUSLE; Renard,
1997), and provides biophysical estimates of soil loss and retention by
vegetation (in tons of sediment per hectare per year). The RUSLE
model estimates annual soil loss based on five factors:
A ¼ R  K  LS  C  P ð6Þ
where A represents soil loss, R rainfall runoff erosivity, K soil erodibility,
LS slope steepness and length, C covermanagement, and P conservation
practice.
This implementation of RUSLE uses methods from Van Remortel
et al. (2004) to calculate LS, based on slope and contributing area,
Williams and Singh (1995) to calculate K, based on soil organic matterand clay, sand, and silt fractions, and global studies for C and P factors
based on land cover type (Borrelli et al., 2017; Yang et al., 2003). By cal-
culating RUSLE twice–first using existing land cover, then changing all
land cover to bare soil–the contribution of vegetation to soil retention
(i.e., avoided soil erosion) can be estimated as an ES. The RUSLE equa-
tion used by this sediment regulation model has several well-known
limitations; most notably, it applies only to rill erosion, and does not es-
timate gully, streambank, or mass erosion. RUSLE was originally devel-
oped for agricultural lands in the U.S., though it has since been applied
in a wide variety of settings, including ES assessment (Sharp et al.,
2015) and global applications (Borrelli et al., 2017; Yang et al., 2003).2.6. Spatial prioritization and trade-offs between ecosystem services
Assessments of landscape management alternatives often involve
themodeling ofmultiple ES to quantify ES trade-offs, hotspots, and sup-
port spatial prioritization according to different stakeholders' perspec-
tives, which could include specific ES beneficiary groups (Nelson et al.,
2009). To meet these challenges, ARIES includes an easy-to-use spatial
multi-criteria analysis (SMCA) module. Based on the approach devel-
oped by Villa et al. (2002), which builds on the Evaluation of Mixed
Data (EVAMIX) approach developed byVoogd (1983), the SMCA can in-
tegrate quantitative and semi-quantitative measures into a single score.
SMCA uses concordance/discordance analysis, where a set of obser-
vations with measured variables (in this case, the potential supply of
five ES) is ordered according to a concordance or discordance score
computed for each different ‘evaluation unit,’ described by values for
each variable considered. First, a 0 to 1 score is computed using sets of
weights that express the importance of each variable from a particular
stakeholder's perspective. Each perspective is defined by a ‘priority vec-
tor’ containing the weights assigned to each variable, e.g., by a specific
stakeholder type. The scores for all units constitute an ‘evaluation ma-
trix.’ This is too computationally intensive to calculate on a grid cell
basis, but is aggregated by variable values and discretized into a number
of intervals (by default the systemuses 10 intervals). As thefinal output,
a map of concordance values ranging from 0 to 1 is produced for each
stakeholder, distributing the computed scores to each cell. This map
represents how concordant the configuration of the landscape is with
an optimal landscape, based on a given stakeholder's perspective.
Inputs to the SMCA model include the list of variables to be consid-
ered (i.e., ES supply) and a set of importance weights characterizing
each criterion. Different stakeholder or ES beneficiary groups can have
diverse perspectives on the importance weights. Here, we demonstrate
the use of weights by four hypothetical stakeholder groups in the
Basque Country: citizens, farmers, local government, and climate activ-
ists (Table 1). For simplicity, we used weight values from 1 to 10, with
lower values having the greatest weight, but any scale can be used. In
the hypothetical example described here, citizens assign the highest im-
portance to recreation and flood regulation; farmers assign the highest
importance to pollination, followed by sediment regulation, and to a
lesser extent flood regulation; local government officials prioritize all
ES as equally important; and climate activists assign the highest impor-
tance to carbon storage, and secondary importance to flood and sedi-
ment regulation.
Fig. 4. Results of the carbon storage model in the Santa Fe Fireshed.
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We computedmean values and the standard deviation of all ES indi-
cators for all application contexts and models (Supplemental Informa-
tion, Table S4). We interpret outputs for each ES model from one
selected application below. Additionally, we include locator maps for
geographic features mentioned in each application in the Supplemental
Information.
For pollination, supply and demand in Rwanda and Burundi are gen-
erally somewhat mismatched (Fig. 3). As land cover in both nations is
increasingly split between natural ecosystems (capable of providing
pollinator habitat and found within protected areas, Fig. 3A) and crop-
land outside of protected areas with demand for pollination (Fig. 3B),
these nations may face increasing spatial segregation between areas of
pollinator supply and agricultural demand (Fig. 3C–D). However, high
topographic and land cover heterogeneity and an abundance of small
farms may enable the persistence of some pollinator habitat at finer
scales than our model could detect.
The Santa Fe Fireshed region includes a significant amount of land in
public ownership,with the vastmajority heldwithin theU.S. Forest Ser-
vice (USFS) system. The highest carbon storage values within this study
region fall within USFS lands, particularly in the Sangre de Cristo Moun-
tains to the east of Santa Fe (in the Pecos Ranger District of the Santa Fe
National Forest) and in the Cibola National Forest east of AlbuquerqueFig. 3.Main outputs of the pollinationmodel in Rwanda (upper red polygon) and Burundi (lower red polygon): (A) supply, (B) demand, (C) surplus/deficit and (D) surplus/deficit status.
Fig. 6. Mean flood regulation service surplus/deficit (ESsd) by watershed in the Basque
Country, ranging from −1 to +1. Negative values indicate a flood regulation service
deficit, whereas positive values indicate a surplus.
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ever, due to the presence of both historically burned areas and ongoing
fire management, including forest thinning and controlled burns. Car-
bon storage on land other than publicly managed forests is lower due
to the land cover characteristics in these areas (e.g., urban areas, barren
lands, grasslands).
The Basque Country landscape is generally rich in potential outdoor
recreation opportunities due to the high density of seashores and
beaches, freshwater bodies, mountains, and a well-established network
of protected areas (Fig. 5A). Recreation demand is centered around
three main cities, with the greatest demand in the northwest around
the Greater Bilbao metropolitan area (Fig. 5B). Many valuable areas
emerge when considering both supply and demand (Fig. 5C), but the
greatest value was generated by: (1) beaches and their surroundings
near Bilbao and San Sebastián; (2) the coastal and riverine region be-
tween these cities, including a Biosphere Reserve (Urdaibai), and
(3) the Urkiola mountain range and related protected area, featuring
one of the most iconic mountain peaks of the region (Amboto,
1331 m). Other areas have high potential value, but less accessibility.
For example, the area surrounding the highestmountain peak (Gorbeia,
1481m) ranks high in potential value but it is outweighed by other des-
tinations once accessibility and demand are taken into account
(Fig. 5D).
Flood regulation surplus in the Basque Country is greatest in water-
sheds where there is lower population density and abundant natural
vegetation that retains runoff (Fig. 6). The largest flood regulation defi-
cits are found in the most populated, impervious, and rainy watersheds
of the North, around Bilbao and San Sebastián, where the main rivers
discharge and higher flow accumulation occurs.
Avoided soil erosion is generally greatest where existing vegetation
protects soils in places thatwould otherwise be erosion prone, i.e., steepFig. 5.Main outputs of the recreation model in the Basque Country: (A) supply, (B) dslopes with erodible soils and intense rainfall. Greater soil erosion con-
trol is thus found in western Rwanda, where moremountainous to hilly
topography and greater annual precipitation occur, and in theMitumba
Mountains of western Burundi–particularly in protected areas in both
nations that harbor dense natural vegetation. Less soil erosion control
is found in sparsely vegetated areas (i.e., annual croplands) and loca-
tions with inherently lower erosion risk, i.e., flatter areas of easternemand, (C) supply and demand and (D) recreation opportunity spectrum (ROS).
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yika (Fig. 7).
SMCAconcordancemaps for theBasque Country incorporate ES sup-
ply results for all five ES models (Fig. 8). Under the assumption of equal
weighting that represents the local government interest (Fig. 8A), high-
value areas are scattered throughout the region. Based on the climate
activist stakeholder perspective (Fig. 8B), which placed the highest
value in areas with the greatest carbon storage, there is an important
east-west oriented area in the northern part of the study area, with
overlapping higher-value areas for sediment and flood regulation, and
one in the mountains located along the region's southern limit. The
map of the farmers' perspective (Fig. 8C) is largely explained by the de-
mand for pollination, where high importance occurs in agricultural
areas generally, and areas of sunflower seed production (within the
plains of Alava) specifically. However, the influence of sediment regula-
tion, also important for farmers (Fig. 8C), is also visible in areas where
natural vegetation contributes to soil retention, particularly in the
northeast portion of the region (e.g., south of San Sebastián, including
the Aiako Harria Natural Park). The Basque Country features significant
potential for outdoor recreation (prioritized by citizens, Fig. 8D); most
of the region is classified as of potential interest due to the presence of
coastline and other water bodies, mountains, and protected areas.
High-value areas emerge along a north to south gradient from the
coastal Biosphere Reserve (Urdaibai) down to the northernmost part
to the plains of Alava, including two large reservoirs and two natural
parks (Urkiola and Gorbeia). These parks also offer high levels of flood
regulation, making them yet more important to the citizen stakeholder
group (Fig. 8D).4. Discussion
By applying simple but easily customized ES models to three appli-
cation contexts with diverse ecological and socioeconomic characteris-
tics and data availability, we illustrate ES supply and demand patterns
that correspond to expectations based on previous research (BagstadFig. 7. Avoided soil erosion in Rwanda (upper red polygon) and Burundi (lower red poly-
gon) in t/ha/year. Values are in T/ha, transformed using log(x+ 1).et al., 2018b; CDSEA, 2016). However, the results shown above are gen-
erated using a specific set of input data, and in an age of rapidly growing
data, the standard for “best available data” changes quickly. ARIES pro-
vides a platform for quick customization and updating ofmodels as new
data become available and are shared on the cloud by a network of
modelers. Rather than focusing on specific results, our three applica-
tions are thus intended to show the flexibility of this approach in ad-
vancing more rapid ES modeling.
Unlike other modeling platforms, k.LAB can directly link diverse
modeling techniques (e.g., system dynamics, agent-based models,
Bayesian networks, machine learning, GIS algorithms, analytical
models, lookup tables, and multi-criteria analyses) and types of knowl-
edge, including quantitative and semi-quantitative data sources and ex-
pert opinion (applications of other modeling techniques within ARIES
are described elsewhere; Bagstad et al., 2014; Balbi et al., 2015;
Willcock et al., 2018). As illustrated in this paper, ARIES models can
adapt to the user-selected spatio-temporal context to produce
context-dependent results by using the most appropriate data, models,
and model parameterizations. Data and model reusability is a funda-
mental characteristic of ARIES, where semantics support automated
workflows linking multi-domain models without requiring added
knowledge from the user (Villa et al., 2014). In all cases, data and
model provenance is maintained to provide full transparency regarding
the choicesmade during themodelingworkflow (Willcock et al., 2018).
ARIES also promotes a community-based, knowledge-drivenmodel de-
velopment strategy, inwhich data andmodels are networked, used, and
further developed by users, without compromising data confidentiality
when restrictions are needed. With the availability of the Tier 1 models
described here, ARIES offers sophisticatedmodeling capabilities to prac-
titioners and decision makers, without imposing a steep learning curve
on users, particularly after the forthcoming launch of the web-based
ARIES explorer interface.
Automating thematching of available data tomodel requirements is
relatively straightforward for data representing continuous numeric
values (i.e., including units of measurement). However, mediation of
categorical data, such as land cover, a key input to many ES models
(Eigenbrod et al., 2010), poses much more difficult representational
challenges for a semantic system. Land-cover mediation for the models
described here uses a simple hierarchical term-matching approach. Yet
the mediation of user-provided land cover datasets can be challenging,
and approaches are needed to appropriatelymediate between disparate
land cover categories (Ahlqvist et al., 2015; Hansen et al., 2013). The ex-
tension of the current linear reasoning approach in k.LAB to the fuzzy
reasoning required to handle such problems is a topic for future
research.
Currently, the models described here largely use population density
to assess ES demand, applying typical indicator-based approaches found
elsewhere in the ES literature that can raise awareness of spatial varia-
tion in demand, quantify access to ES and their flows, and explore
changes in ES supply and demand over time (Wolff et al., 2015, 2017;
Paracchini et al., 2014). In evaluating preferences for ES, SMCA can pro-
vide a broader view of stakeholder values than monetary valuation
alone. SMCA can thus act as a standalone approach to preference elicita-
tion or can complement monetary valuation approaches to ES quantifi-
cation (Spash and Vatn, 2006). Moving beyond population density-
based measures, beneficiary models for individual ES can and should
be further developed and customized to local conditions, using more
complex indicators and monetary valuation (Wolff et al., 2015, 2017).
A modeler could, for example, use per capita gross domestic product
(GDP) data to map vulnerable populations and address equity issues,
or to infer the economic value of infrastructure at risk (Arkema et al.,
2013; Laterra et al., 2016). OpenStreetMap data can also be directly
accessed from k.LAB and included in ES demand models (Willcock
et al., 2018).We also demonstrated simple aggregation of results bywa-
tersheds for hydrologic ES flows (Fig. 6). Similar aggregations could be
performed across other geographic units, in order to summarize data
Fig. 8. Spatial multi-criteria analysis (SMCA) concordance maps (from 0 to 1 showing increasing concordance) based on the supply of five potential ecosystem services, applied to the
Basque Country for four hypothetical stakeholders' groups: (A) local government, (B) climate activists, (C) farmers, and (D) citizens.
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expensive.
Data and model customization is important to improve accuracy,
transparency, and trust in results used for local applications (Zulian
et al., 2018). Without proper documentation and semantic contextuali-
zation of participatory processes that generate local knowledge, how-
ever, such efforts typically only bear fruit for the initial study, limiting
the ability of others to reuse valuable information in future studies
(Gray et al., 2017). In addition to data and model customization, ARIES
allows users to quantify change through scenarios, substituting alterna-
tive spatial, temporal and tabular inputs or conditions formodel param-
eters and variables. For example, modelers can include climate change
scenarios in their simulations when running models dependent on cli-
matic variables, such as temperature or precipitation; currently, this
can be accomplished in ARIES for a variety of IPCC scenarios (Hijmans
et al., 2005).
Data sources that allow redistribution are accessible to all users on
the ARIES network. The use of the k.LAB software requires a user certif-
icate, which is free to non-commercial users. Data sourceswith redistri-
bution restrictions are, naturally, restricted for public use. For instance,
models that rely on WorldClim data (e.g., flood regulation and pollina-
tion models), rainfall erosivity data (sediment regulation model), and
global cropland data (pollinationmodel) which do not allow redistribu-
tion, will allow models to be computed as derived products, but visual-
ization or export of input data will not be allowed. The ARIES models
refer to data through uniform identifiers (URNs) that are resolved by
network servers after user authentication, allowing fine-grained data
access permission and giving owners full control of the allowed use of
their data or models, either by end users or by other models. Datasetswith no restrictions on redistribution can be fully viewed and exported.
Whenever possible, the use of open data and models is most advanta-
geous; open data provide transparency and trust in modeling, while re-
liance on restricted data makes it more difficult to understand model
outputs and troubleshoot any issues that may arise, as access to source
information is limited. Although not yet widely discussed in the ES re-
search community, our work on data and model linking and reuse
meshes well with initiatives to improve scientific workflows and repro-
ducibility, e.g., through the Findable, Accessible, Interoperable, and Re-
usable (FAIR) principles (Stall et al., 2017; Wilkinson et al., 2016).5. Conclusions
Sustainability science needs to account for the dynamic relationships
and feedbacks between ES, human well-being, and economic activities
(Willcock et al., 2016). The ES models developed in this study, although
simple, can be applied in any study area globally without added input,
yet can be easily modified to customize models or evaluate the effects
of different landscape management alternatives across multiple scales.
Additionally, as new datasets for model inputs with greater accuracy,
spatial resolution, and temporal density are released, ES models can
be quickly updated by users by annotating new datasets and rerunning
the models (Bagstad et al., 2018b; de Araujo Barbosa et al., 2015;
Martínez-López et al., 2016; Pettorelli et al., 2017; Buchanan et al.,
2018). Given the increasing amount and quality of available spatial
data, ARIES thus offers a way to keep ES model results as timely as pos-
sible. At the same time, ARIES' data andmodel sharing architecture pro-
vides a mechanism for data synthesis and reuse that with wider use
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communities.
The open data and semantic modeling paradigm–storing data and
models on the cloud and sharing them with the scientific community
to encourage their linking and reuse–will be most effective as new
users join, contribute, and share their own data and models. To this
end, the models described here provide a starting point for ES assess-
ments, improving the usability of ARIESmodels by new users. Short, ac-
cessible training courses and documentation, along with user-friendly
interfaces, can help introduce more modelers to the ARIES approach,
contributing to enlarging the user community.
The customizable Tier 1 models presented in this paper are just a
starting point for more sophisticated, flexible, community-driven
modeling. Future research directions include the completion of addi-
tional Tier 1 ES models, seamless incorporation of agent-based models,
and assessment of ES flows, processmodels, and other Tier 2models ca-
pable of more sophisticated, dynamic analyses where data exist at ap-
propriate spatio-temporal scales. In many cases, Tier 2 models will
replace indicator-driven approaches with physically based ones that
are amenable tomodel calibration and can producemore useful predic-
tions through scenario analysis. For example, a Tier 2 version of the pol-
linationmodel under development is computed continuously over time
to quantify monthly and seasonal changes in pollination. This approach
would be suitable for localized analysis and is better able to predict both
seasonal and interannual effects of climate change on pollination. At the
same time, the Tier 1 pollination model will remain usable to provide
rapid ES assessment across large spatial extents and/or in data-poor
regions.
As we demonstrate in this paper, cloud-based and context-aware ES
models offer a way for users to perform quick assessments using an
existing base of global data and models (e.g., Burundi) or to customize
model structure, inputs, and parameters where data are available (to
an increasing degree for Rwanda and the Basque Country and Santa Fe
Fireshed applications). By more efficiently collaborating and reusing
ES knowledge, this approach offers a path towards making ES assess-
ments more accessible, transparent, and rapid, overcoming key road-
blocks that have limited the widespread use of ES information in
decision making to date.
Acknowledgments
Zach Ancona (U.S. Geological Survey, USGS) assisted with prepara-
tion of numerous datasets for use in ARIES. Support for Bagstad's time
was provided by the USGS Land Change Science Program. Support for
Voigt's time was provided by the USGS Sustaining Environmental Capi-
tal Initiative. We thank Lisa Mandle for constructive comments on an
earlier draft of this paper. Any use of trade, product, or firm names is
for descriptive purposes only and does not imply endorsement by the
U.S. Government. The European Commission under the Horizon 2020
Programme for Research, Technological Development and Demonstra-
tion supported this study through the collaborative research project
AQUACROSS (Grant Agreement no. 642317).
Appendix A. Supplemental Information
Supplemental Information to this article can be found online at
https://doi.org/10.1016/j.scitotenv.2018.09.371.
References
Ahlqvist, O., Varanka, D., Fritz, S., Janowicz, K., 2015. In: Ahlqvist, O., Varanka, D., Fritz, S.,
Janowicz, K. (Eds.), Land Use and Land Cover Semantics: Principles, Best Practices,
and Prospects. CRC Press.
Angelsen, A., Brockhaus, M., Sunderlin, W.D., Verchot, L.V., 2012. Analysing REDD+: Chal-
lenges and Choices. Cifor.
ARIES team, 2017. Technology for 21-century ecosystem services science. Retrieved July
27, 2018, from http://aries.integratedmodelling.org/?page_id=77.ARIES team, 2018a. Running ecosystem service models using ARIES' drag-and-drop inter-
face. Retrieved July 27, 2018, from http://aries.integratedmodelling.org/?p=1484.
ARIES team, 2018b. Global ecosystem service models. Retrieved September 17, 2018,
from https://github.com/integratedmodelling/im.aries.global.
Arkema, K.A., Guannel, G., Verutes, G., Wood, S.A., Guerry, A., Ruckelshaus, M., Kareiva, P.,
Lacayo, M., Silver, J.M., 2013. Coastal habitats shield people and property from sea-
level rise and storms. Nat. Clim. Chang. 3, 913–918.
Bagstad, K.J., Semmens, D.J., Waage, S., Winthrop, R., 2013. A comparative assessment of
decision-support tools for ecosystem services quantification and valuation. Ecosyst.
Serv. 5, 27–39 (Sep).
Bagstad, K.J., Villa, F., Batker, D., Harrison-Cox, J., Voigt, B., Johnson, G.W., 2014. From the-
oretical to actual ecosystem services: mapping beneficiaries and spatial flows in eco-
system service assessments. Ecol. Soc. 19 (2).
Bagstad, K.J., Cohen, E., Ancona, Z.H., McNulty, S.G., Sun, G., 2018a. The sensitivity of eco-
system servicemodels to choices of input data and spatial resolution. Appl. Geogr. 93,
25–36.
Bagstad, K.J., Willcock, S., Lange, G.-M., 2018b. Remote sensing and modeling to fill the
“gap” in missing natural capital. The Changing Wealth of Nations 2018: Building a
Sustainable Future. The World Bank, pp. 199–210.
Balbi, S., del, Prado A., Gallejones, P., Geevan, C.P., Pardo, G., Pérez-Miñana, E., et al., 2015.
Modeling trade-offs among ecosystem services in agricultural production systems.
Environ. Model. Softw. 72, 314–326 (Oct).
Barbosa, A.L., Iglesias-Campos, A., Arévalo-Torres, J., Barbiere, J., Martínez-López, J.,
Domisch, S., et al., 2018.Where to invest in Green and Blue infrastructure to maintain
and restore degraded ecosystems? Sci. Total Environ. (this issue).
Baró, F., Palomo, I., Zulian, G., Vizcaino, P., Haase, D., Gómez-Baggethun, E., 2016.
Mapping ecosystem service capacity, flow and demand for landscape and
urban planning: a case study in the Barcelona metropolitan region. Land Use
Policy 57, 405–417.
Borrelli, P., Robinson, D.A., Fleischer, L.R., Lugato, E., Ballabio, C., Alewell, C., et al., 2017. An
assessment of the global impact of 21st century land use change on soil erosion. Nat.
Commun. 8 (1), 2013 (Dec 8).
Buchanan, G.M., Beresford, A.E., Hebblewhite, M., Escobedo, F.J., De Klerk, H.M., Donald,
P.F., Escribano, P., Koh, L.P., Martínez-López, J., Pettorelli, N., Skidmore, A.K., Szantoi,
Z., Tabor, K., Wegmann, M., Wich, S., 2018. Free satellite data key to conservation. Sci-
ence 361 (6398), 139–140.
Carmen, E., Watt, A., Carvalho, L., Dick, J., Fazey, I., Garcia-Blanco, G., et al., 2018. Knowl-
edge needs for the operationalisation of the concept of ecosystem services. Ecosyst.
Serv. 29, 441–451 (Feb).
CDSEA, 2016. Guia metodologica para el cartografiado de los Servicios de los Ecosistemas
en Euskadi. Retrieved August 28, 2018, from. http://www.ingurumena.ejgv.euskadi.-
eus/contenidos/documentacion/cartografia_ecomilenio/es_def/adjuntos/cartografia_
servicios_ecosistemas.pdf.
Cerretelli, S., Poggio, L., Gimona, A., Yakob, G., Boke, S., Habte, M., et al., 2018. Spatial as-
sessment of land degradation through key ecosystem services: the role of globally
available data. Sci. Total Environ. 628–629, 539–555 (Jul 1).
Clark, R.N., Stankey, G.H., 1979. The recreation opportunity spectrum: a framework for
planning, management, and research. The Recreation Opportunity Spectrum: A
Framework for Planning, Management, And Research.
Corbet, S.A., Fussell, M., Ake, R., Fraser, A., Gunson, C., Savage, A., et al., 1993. Temperature
and the pollinating activity of social bees. Ecol. Entomol. 18 (1), 17–30 (Feb).
Danner, N., Molitor, A.M., Schiele, S., Härtel, S., Steffan-Dewenter, I., 2016. Season and
landscape composition affect pollen foraging distances and habitat use of honey
bees. Ecol. Appl. 26 (6), 1920–1929 (Sep).
de Araujo Barbosa, C.C., Atkinson, P.M., Dearing, J.A., 2015. Remote sensing of ecosystem
services: a systematic review. Ecol. Indic. 52 (52), 430–443 (May).
Domisch, S., Jähnig, S., Kakouei, K., Langhans, S.D., Martínez-López, J., Magrach, A., et al.,
2018. Balancing biodiversity and ecosystem services for ecosystem-based manage-
ment in the Danube catchment. Sci. Total Environ. (this issue).
Eigenbrod, F., Armsworth, P.R., Anderson, B.J., Heinemeyer, A., Gillings, S., Roy, D.B., et al.,
2010. Error propagation associated with benefits transfer-based mapping of ecosys-
tem services. Biol. Conserv. 143 (11), 2487–2493 (Nov).
FAO, 2000. Global Ecofloristic Zones Mapped by the United Nations Food and Agricultural
Organization.
Fuleky, P., 2006. Anatomy of a Cobb-Douglas Type Production/Utility Function in Three
Dimensions. Department of Economics, University of Washington.
Funk, A., Martínez-López, J., Pletterbauer, F., Trauner, D., Bagstad, K., Balbi, S., et al., 2018.
Balancing multiple targets in large river-floodplain systems – biodiversity and eco-
system services in the corridor of the Danube River. Sci. Total Environ. (this issue).
Gathmann, A., Tscharntke, T., 2002. Foraging ranges of solitary bees. J. Anim. Ecol. 71 (5),
757–764 (Sep).
Geurs, K.T., van Eck, J.R., 2001. Accessibility measures: review and applications. Evaluation
of Accessibility Impacts of Land-use Transportation Scenarios, And Related Social and
Economic Impact.
Gray, S., Jordan, R., Crall, A., Newman, G., Hmelo-Silver, C., Huang, J., et al., 2017. Combin-
ing participatory modelling and citizen science to support volunteer conservation ac-
tion. Biol. Conserv. 208, 76–86 (Apr).
Günther, A., Reichenbach, P., Malet, J.P., Van Den Eeckhaut, M., Hervás, J., Dashwood, C., et
al., 2013. Tier-based approaches for landslide susceptibility assessment in Europe.
Landslides 10 (5), 529–546.
Hansen, M.C., Potapov, P.V., Moore, R., Hancher, M., Turubanova, S.A., Tyukavina, A., et al.,
2013. High-resolution global maps of 21st-century forest cover change. Science 342
(6160), 850–853 (Nov 15).
Hengl, T., Mendes de Jesus, J., Heuvelink, G.B.M., Ruiperez Gonzalez, M., Kilibarda, M.,
Blagotić, A., et al., 2017. SoilGrids250m: global gridded soil information based on ma-
chine learning. PLoS One 12 (2), e0169748 (Feb 16).
2336 J. Martínez-López et al. / Science of the Total Environment 650 (2019) 2325–2336Hijmans, R.J., Cameron, S.E., Parra, J.L., Jones, P.G., Jarvis, A., 2005. Very high resolution in-
terpolated climate surfaces for global land areas. Int. J. Climatol. 25 (15), 1965–1978
(Dec).
IPCC, 2006. IPCC Guidelines for National Greenhouse Gas Inventories. Volume 4: Agricul-
ture, Forestry and Other Land Use.
Janowicz, K., Van Harmelen, F., Hendler, J.A., Hitzler, P., 2015. Why the data train needs
semantic rails. AI Mag. 36 (1), 5 (Mar 25c).
Joyce, K., Sutton, S., 2009. A method for automatic generation of the recreation opportu-
nity spectrum in New Zealand. Appl. Geogr. 29 (3), 409–418 (Jul).
Kareiva, P., 2011. Natural Capital: Theory and Practice of Mapping Ecosystem Services.
Oxford University Press.
Kim, H., Rosa, I.M.D., Alkemade, R., Leadley, P., Hurtt, G., Popp, A., et al., 2018. A protocol
for an intercomparison of biodiversity and ecosystem services models using harmo-
nized land-use and climate scenarios. BioRxiv https://doi.org/10.1101/300632 (Apr
16).
Kirkby, M.J., Beven, K.J., 1979. A physically based, variable contributing area model of
basin hydrology. Hydrol. Sci. J. 24 (1), 43–69.
Klein, A.M., Vaissiere, B.E., Cane, J.H., Steffan-Dewenter, I., Cunningham, S.A., Kremen, C., et
al., 2007. Importance of pollinators in changing landscapes for world crops. Proc. R.
Soc. Lond. B Biol. Sci. 274 (1608), 303–313.
Laterra, P., Barral, P., Carmona, A., Nahuelhual, L., 2016. Focusing conservation efforts on
ecosystem service supply may increase vulnerability of socio-ecological systems.
PLoS One 11 (5), e0155019.
Lehner, B., Verdin, K., Jarvis, A., 2008. New global hydrography derived from spaceborne
elevation data. EOS Trans. Am. Geophys. Union 89 (10), 93–94.
Lonsdorf, E., Kremen, C., Ricketts, T., Winfree, R., Williams, N., Greenleaf, S., 2009. Model-
ling pollination services across agricultural landscapes. Ann. Bot. 103 (9), 1589–1600
(Jun 1).
Maes, J., Fabrega, N., Zulian, G., Barbosa, A., Vizcaino, P., Ivits, E., et al., 2015. Mapping and
Assessment of Ecosystems and their Services; Trends in Ecosystems and Ecosystem
Services in the European Union between 2000 and 2010. Joint Research Center,
Ispra, Italy.
Manfreda, S., Di Leo, M., Sole, A., 2011. Detection of flood-prone areas using digital eleva-
tion models. J. Hydrol. Eng. 16 (10), 781–790 (Oct).
Margolis, E.Q., Swetnam, T.W., 2013. Historical fire-climate relationships of upper eleva-
tion fire regimes in the south-western United States. Int. J. Wildland Fire 22 (5),
588–598.
Maron, M., Mitchell, M.G.E., Runting, R.K., Rhodes, J.R., Mace, G.M., Keith, D.A., et al., 2017.
Towards a threat assessment framework for ecosystem services. Trends Ecol. Evol. 32
(4), 240–248 (Feb 9).
Martínez-López, J., Bertzky, B., Bonet-García, F., Bastin, L., Dubois, G., 2016. Biophysical
characterization of protected areas globally through optimized image segmentation
and classification. Remote Sens. 8 (9), 780 (Sep 21).
MEA, 2005. Millennium Ecosystem Assessment: Living Beyond our Means: Natural Assets
and HumanWell-being: Statement from the Board. United Nations Environment Pro-
gramme (UNEP), Washington.
Monfreda, C., Ramankutty, N., Foley, J.A., 2008. Farming the planet: 2. Geographic distri-
bution of crop areas, yields, physiological types, and net primary production in the
year 2000. Glob. Biogeochem. Cycles 22 (1) (Mar). (n/a-n/a).
Mulligan, M., 2015. Trading off agriculture with nature's other benefits, spatially. Impact
of Climate Change on Water Resources in Agriculture. CRC Press, Boca Raton,
pp. 184–204.
Nelson, A., 2008. Travel Time to Major Cities: A Global Map of Accessibility. Office for Of-
ficial Publications of the European Communities.
Nelson, E., Mendoza, G., Regetz, J., Polasky, S., Tallis, H., Cameron, D.R., et al., 2009. Model-
ing multiple ecosystem services, biodiversity conservation, commodity production,
and tradeoffs at landscape scales. Front. Ecol. Environ. 7 (1), 4–11 (Feb).
Ochoa, V., Urbina-Cardona, N., 2017. Tools for spatially modeling ecosystem services:
publication trends, conceptual reflections and future challenges. Ecosyst. Serv. 26,
155–169 (Aug).
Paracchini, M.L., Zulian, G., Kopperoinen, L., Maes, J., Schägner, J.P., Termansen, M., et al.,
2014. Mapping cultural ecosystem services: a framework to assess the potential for
outdoor recreation across the EU. Ecol. Indic. 45, 371–385 (Oct).
Pascual, U., Balvanera, P., Díaz, S., Pataki, G., Roth, E., Stenseke, M., et al., 2017. Valuing
nature's contributions to people: the IPBES approach. Curr. Opin. Environ. Sustain.
26–27, 7–16 (Jun).
Peña, L., Casado-Arzuaga, I., Onaindia, M., 2015. Mapping recreation supply and demand
using an ecological and social evaluation approach. Ecosyst. Serv. 13, 108–118.
Pettorelli, N., Schulte To Bühne, H., Tulloch, A., Dubois, G., Macinnis-Ng, C., Queirós, A.M.,
et al., 2017. Satellite remote sensing of ecosystem functions: opportunities, chal-
lenges and way forward. Remote Sens. Ecol. Conserv. 1–23 (Aug 10).
Potapov, P., Yaroshenko, A., Turubanova, S., Dubinin, M., Laestadius, L., Thies, C., et al.,
2008. Mapping the world's intact forest landscapes by remote sensing. Ecol. Soc. 13
(2).
Renard, K.G., 1997. Predicting Soil Erosion by Water: A Guide to Conservation Planning
with the Revised Universal Soil Loss Equation (RUSLE).
Rieb, J.T., Chaplin-Kramer, R., Daily, G.C., Armsworth, P.R., Böhning-Gaese, K., Bonn, A., et
al., 2017. When, where, and how nature matters for ecosystem services: challenges
for the next generation of ecosystem service models. Bioscience 67 (9), 820–833
(Sep).
Ruckelshaus, M., McKenzie, E., Tallis, H., Guerry, A., Daily, G., Kareiva, P., et al., 2015. Notes
from the field: lessons learned from using ecosystem service approaches to inform
real-world decisions. Ecol. Econ. 115 (115), 11–21 (Jul).
Ruesch, A.S., Gibbs, H., 2008. New global biomass carbon map for the year 2000 based on
IPCC Tier-1 methodology. Oak Ridge National Laboratory's Carbon DioxideInformation Analysis Center, Oak Ridge, USA Available online from the Carbon Diox-
ide Information Analysis Center, URL. http://cdiacornlgov.
Sharp, R., Tallis, H.T., Ricketts, T., Guerry, A.D., Wood, S.A., Chaplin-Kramer, R., et al., 2015.
InVEST+ VERSION+ User's Guide. The Natural Capital Project, Stanford University,
University of Minnesota, The Nature Conservancy, and World Wildlife Fund.
Smith, A.C., Harrison, P.A., Pérez Soba, M., Archaux, F., Blicharska, M., Egoh, B.N., et al.,
2017. How natural capital delivers ecosystem services: a typology derived from a sys-
tematic review. Ecosyst. Serv. 26, 111–126 (Aug).
Soil Conservation Service, 1985. National Engineering Handbook: Section. vol. 4. Hydrol-
ogy, Washington, DC.
Spash, C.L., Vatn, A., 2006. Transferring environmental value estimates: issues and alter-
natives. Ecol. Econ. 60, 379–388.
Stall, S., Lehnert, K.A., Robinson, E., Parsons, M., Cutcher-Gershenfeld, J., Nosek, B.A., et al.,
2017. Enabling FAIR Data (Nov).
Stürck, J., Poortinga, A., Verburg, P.H., 2014. Mapping ecosystem services: the supply and
demand of flood regulation services in Europe. Ecol. Indic. 38, 198–211 (Mar).
Tansey, K., Grégoire, J.-M., Defourny, P., Leigh, R., Pekel, J.-F., van Bogaert, E., et al., 2008. A
new, global, multi-annual (2000–2007) burnt area product at 1 km resolution.
Geophys. Res. Lett. 35 (1) (Jan 1).
Trenberth, K.E., Dai, A., Rasmussen, R.M., Parsons, D.B., 2003. The changing character of
precipitation. Bull. Am. Meteorol. Soc. 84 (9), 1205–1217 (Sep).
U.N, 2014. System of Environmental-Economic Accounting 2012.
U.N, 2017. Sustainable development knowledge platform: sustainable development goals
[Internet]. [cited 2018 Apr 20]. Available from. https://sustainabledevelopment.un.
org/sdgs.
Uchida, H., Nelson, A., 2010. Agglomeration Index: Towards a NewMeasure of Urban Con-
centration. No. 2010, 29. (Working paper).World Institute for Development Econom-
ics Research.
UNEP-WCMC, IUCN, 2016. The World Database on Protected Areas (WDPA). UK, Cam-
bridge (Oct).
Utsumi, N., Seto, S., Kanae, S., Maeda, E.E., Oki, T., 2011. Does higher surface temperature
intensify extreme precipitation? Geophys. Res. Lett. 38 (16).
Van Remortel, R.D., Maichle, R.W., Hickey, R.J., 2004. Computing the LS factor for the re-
vised universal soil loss equation through array-based slope processing of digital ele-
vation data using a C++ executable. Comput. Geosci. 30 (9–10), 1043–1053 (Nov).
Villa, F., 2009. Semantically drivenmeta-modelling: automating model construction in an
environmental decision support system for the assessment of ecosystem services
flows. In: Athanasiadis, I.N., Rizzoli, A.E., Mitkas, P.A., Gómez, J.M. (Eds.), Information
Technologies in Environmental Engineering. Springer Berlin Heidelberg, Berlin, Hei-
delberg, pp. 23–36.
Villa, F., Tunesi, L., Agardy, T., 2002. Zoning marine protected areas through spatial
multiple-criteria analysis: the case of the Asinara Island National Marine Reserve of
Italy. Conserv. Biol. 16 (2), 515–526.
Villa, F., Bagstad, K.J., Voigt, B., Johnson, G.W., Portela, R., Honzák, M., et al., 2014. A meth-
odology for adaptable and robust ecosystem services assessment. PLoS One 9 (3),
e91001 (Mar 13).
Villa, F., Balbi, S., Athanasiadis, I.N., Caracciolo, C., 2017. Semantics for interoperability of
distributed data and models: foundations for better-connected information [version
1; referees: 2 approved with reservations]. F1000Res 6, 686 (May 17).
Voogd, H., 1983. Multicriteria Evaluation for Urban and Regional Planning. Pion, London.
Ward, P.J., Jongman, B., Salamon, P., Simpson, A., Bates, P., De Groeve, T., et al., 2015. Use-
fulness and limitations of global flood risk models. Nat. Clim. Chang. 5 (8).
Wei, H., Fan, W., Wang, X., Lu, N., Dong, X., Zhao, Y., et al., 2017. Integrating supply and
social demand in ecosystem services assessment: a review. Ecosyst. Serv. 25, 15–27
(Jun).
Wilkinson, M.D., Dumontier, M., Aalbersberg, I.J.J., Appleton, G., Axton, M., Baak, A., et al.,
2016. The FAIR Guiding Principles for scientific data management and stewardship.
Sci Data. 3, 160018 (Mar 15).
Willcock, S., Hooftman, D., Sitas, N., O'Farrell, P., Hudson, M.D., Reyers, B., et al., 2016. Do
ecosystem service maps and models meet stakeholders' needs? A preliminary survey
across sub-Saharan Africa. Ecosyst. Serv. 18, 110–117 (Apr).
Willcock, S., Martínez-López, J., Hooftman, D.A.P., Bagstad, K.J., Balbi, S., Marzo, A., et al.,
2018. Machine Learning for Ecosystem Services. Ecosystem Services (May).
Williams, J.R., Singh, V.P., 1995. Computer models of watershed hydrology. The EPIC
Model. Water Resources Publications, Highlands Ranch, CO, pp. 909–1000.
Wolff, S., Schulp, C.J.E., Verburg, P.H., 2015. Mapping ecosystem services demand: a re-
view of current research and future perspectives. Ecol. Indic. 55159–55171.
Wolff, S., Schulp, C.J.E., Kastner, T., Verburg, P.H., 2017. Quantifying spatial variation in
ecosystem services demand: a global mapping approach. Ecol. Econ. 136, 14–29
(Jun).
Yang, D., Kanae, S., Oki, T., Koike, T., Musiake, K., 2003. Global potential soil erosion with
reference to land use and climate changes. Hydrol. Process. 17 (14), 2913–2928 (Oct
15.
Zeng, Z., Tang, G., Hong, Y., Zeng, C., Yang, Y., 2017. Development of an NRCS curve num-
ber global dataset using the latest geospatial remote sensing data for worldwide hy-
drologic applications. Remote Sens. Lett. 8 (6), 528–536.
Zulian, G., Maes, J., Paracchini, M., 2013. Linking land cover data and crop yields for map-
ping and assessment of pollination services in Europe. Land 2 (3), 472–492.
Zulian, G., Polce, C., Maes, J., 2014. ESTIMAP: a GIS-based model to map ecosystem ser-
vices in the European union. Ann. Bot. 4, 1–7.
Zulian, G., Stange, E., Woods, H., Carvalho, L., Dick, J., Andrews, C., et al., 2018. Practical ap-
plication of spatial ecosystem servicemodels to aid decision support. Ecosyst. Serv. 29
(Pt C), 465–480 (Feb).
